Collective intelligence (CI) is a property of groups that emerges from the coordination and collaboration of members and predicts group performance on a wide range of tasks. Previous studies of CI have been conducted with lab-based groups in the United States. We introduce a new standardized online battery to measure CI and demonstrate consistent emergence of a CI factor across three different studies despite broad differences in (a) communication media (face-to-face vs online), (b) group contexts (shortterm ad hoc groups vs long-term groups) and (c) cultural settings (US, Germany, and Japan). In two of the studies, we also show that CI is correlated with a group's performance on more complex tasks. Consequently, the CI metric provides a generalizable performance measure for groups that is robust to broad changes in media, context, and culture, making it useful for testing the effects of general-purpose collaboration technologies intended to improve group performance.
INTRODUCTION
Recent research on group performance demonstrates that there is a single statistical factor for groups, just as there is for individuals, that predicts how well a group will perform on a wide range of different tasks [43] . This factor, called collective intelligence (CI), depends not only on the characteristics of the individuals in the group but also on how they work together. In a sense, therefore, this factor focuses on processes that are critical for using computers to help groups of humans interact.
An important type of research in human-computer interaction and computer-supported cooperative work involves empirically studying how well various kinds of computer tools help groups of people work together cooperatively. Typically, this is done by choosing a specific task and evaluating how well groups perform the task with (and sometimes without) the computer tools. However, the generalizability of such studies is always limited by the nature of the specific task chosen.
But imagine that we had some general way of measuring the ability of a group to work together, regardless of the type of task involved. Or, more precisely, what if we could measure the performance of a group working together on a carefully chosen set of tasks and then use these measurements to statistically predict how well the group would perform on a very wide range of other tasks? chosen set of tasks, which can be used to test the effects of such systems on group performance, and a statistical basis for using these results to predict performance on a much wider range of other tasks.
In this paper, we explore the generality of our newly designed computer-based measure of collective intelligence [8, 43] . We meta-analyze three data sets to test the degree to which the CI factor emerges not only across different tasks, but across communication media (face-to-face vs. online), group contexts (short-term ad hoc groups vs long-term groups) and cultures (US, Germany, Japan) making this test battery generalizable to a variety of settings.
BACKGROUND

Measuring Collective Intelligence
We are increasingly reliant on groups in a growing number of domains in our daily lives. Decisions in healthcare, science, law enforcement, national security, transportation, and public policy, to name just a few, are all increasingly made by groups of highly networked individuals, and their performance is driven not only by their individual skills, but also by their ability to collectively collaborate and coordinate. However, until recently, we have lacked good tools to evaluate the degree to which groups can consistently perform at a high level.
By contrast, in research on individual performance, over the last century psychological researchers have devised effective tools for predicting who is likely to perform at a high level across many domains and over time. Cognitive psychologists have repeatedly demonstrated that a single statistical factor-often called "general intelligence" or "g"-emerges from the correlations among individuals' performance on a wide variety of cognitive tasks [6, 38] and is highly predictive of individuals' future performance. Recently, Woolley et al. [43] applied the same statistical techniques used in individual intelligence research to measuring the intelligence of groups. The researchers first gave 192 groups a wide range of tasks that required qualitatively different collaboration processes for successful accomplishment [24] . In a factor analysis of all the groups' scores, the first factor accounted for 43% of the variance in performance. This is consistent with the 30-50% of variance typically explained by the first factor in a battery of individual cognitive tasks [4] . In individuals, this factor is called "intelligence" or "g". For groups, Woolley et al. referred to it as "collective intelligence" or "c," and it is a measure of the general effectiveness of a group on a wide range of tasks. The c factor also predicted how the groups performed on more complex tasks at a later point in time, above and beyond the predictive ability of the average individual intelligence of group members. Woolley et al. also showed that a group's collective intelligence was positively affected by the proportion of women in the group, the group members' social sensitivity, and their equal participation in group discussion.
The emergence of a single collective intelligence factor is itself a somewhat surprising outcome. The null hypothesis of any factor analysis is the emergence of as many factors as there are scores entered into the analysis. In other words, a test battery including five tasks should yield five roughly equivalent factors, unless there is a common force driving performance across some or all of them. And indeed, in the history of research on teams, much attention has been given to the different demands of different sorts of tasks, and the development of taxonomies to articulate the different ways groups would need to collaborate to successfully accomplish them. This would suggest that teams that perform well on one kind of task would not necessarily perform well on others. However, the emergence of a single dominant collective intelligence factor strongly suggests a central mechanism or set of mechanisms driving team performance across many domains. This has important implications for designing technological systems to support group work, as those that will enhance these key underlying collective abilities will have a much more profound effect on collaboration more generally.
This approach to conceptualizing and measuring intelligence in groups builds and improves upon traditional approaches to investigating intelligence and performance in team settings in two important ways. First, the relationship between team cognitive ability and performance has been previously examined as the aggregate of individual member intelligence. Individual intelligence has been shown to be a moderate predictor of team performance in lab-based settings, but the correlation of team average cognitive ability and performance becomes much smaller in field settings [7, 18, 26] . One probable explanation for this lack of explanatory power is the attempt to conceptualize team ability by aggregating individual-level measurements, which loses information in generalizing across levels of analysis [32] .
Second, the vast majority of team research measures performance on a single task, whereas most teams in real world settings need to perform a multitude of tasks to operate effectively. Thus, a more robust method for capturing what constitutes team collective intelligence, utilizing uniquely team-level information and observation of performance on a variety of tasks will improve our ability to predict which teams are likely to consistently perform at a high level in the future.
Though the existence and emergence of a general collective intelligence factor in teams has been empirically supported [43] , the existing work relies on U.S. lab-based samples involving groups of strangers collaborating face-to-face for a few hours. Indeed, recent research examining CI in a small sample of distributed groups raised questions about whether a single CI factor exists in such settings [1] . This is an important issue to explore, as work in organizations, both traditional and online, usually involves individuals with an ongoing relationship with each other and/or a common institution, collaborating both face-to-face and via media, from around the globe. Will a collective intelligence factor emerge in settings with these characteristics? Or will features of the culture, context, or the relationships among members create so much variance or randomness in how groups perform different tasks that a collective intelligence factor will not emerge?
Group Collaboration Online vs. Face-to-Face
Well over half of all employees in organizational settings have at some point worked in online teams [22] . Online teams are used in almost all industries and in a variety of areas, such as software development, customer service, sales and R&D [3, 11, 23] .
A commonly addressed issue in online group collaboration is the lack of nonverbal and social cues during interaction. Early media characteristics theories suggested that the lack of cues in computer-mediated communication (CMC) makes it inferior to face-to-face communication in facilitating social interactions and conveying more complex, equivocal messages [5] [36] . According to this view, technologies that do not offer the transmission of nonverbal cues cannot adequately support the processing of socioemotional and richer content, thereby inhibiting group members from engaging in further interaction. When group members collaborate on a task, limited interaction can potentially prevent them from exchanging necessary information to perform tasks effectively.
However, this so-called "cue-filtered-out" perspective, which claims face-to-face collaboration is better than textbased CMC, has been broadly challenged. In particular, Walther's social information processing theory provided a major counterargument to the early theories, by positing that with time, individuals are able to adapt to the lack of nonverbal cues, and engage in social and relational communication online just as well as face-to-face [42] . In addition, in some cases, text-based computer-mediated communication has been argued to be "superior" to face-toface in that it gives individuals more agency and control in self-presentation by selectively transmitting cues that portray them in a positive light [21] .
In spite of this, when a group works together online only, the group's ability to perform tasks may reflect not only their collective intelligence but also the degree to which members utilize and adapt to online collaboration tools (e.g., chat, real-time collaborative editing software) in task performance. Groups may differ in their experience with a given medium, which may emerge as a potential factor that creates variation in groups' performance independent of their collective intelligence [1] . Given these arguments, it is not clear whether a general collective intelligence factor will emerge to describe a group's performance capability regardless of communication media that support the group collaboration.
Group Collaboration in Short-Term Ad Hoc Groups vs Long-Term Groups
Woolley et al. [43] found the initial evidence of collective intelligence in groups of strangers gathered for a lab study. Would this finding apply to groups with ongoing work relationships? Literature that provides a basis for the linkage between time and group collaboration suggests mixed scenarios. On one hand, it is plausible to think that long-term groups may have an advantage in developing rules of coordination compared to ad hoc short-term groups. Ad hoc groups, without a stabilized work routine, may require more time for coordination, which can hurt performance [39] . In addition, long-term groups may be able to develop more trust among members of the group, promoting smooth information sharing and knowledge transfer [19] . Thus, one may expect greater consistency in performance across different types of tasks and thus the emergence of collective intelligence for long-term groups.
On the other hand, there can be a downside to longer tenure in groups. Groups can fall into habitual routines that they apply in inappropriate situations [9] . In addition, groups with ongoing relationships are subject to relational factors biasing information exchange such that members seek information only from someone they know and have access to [2] . This may lead to inconsistencies in how the same group performs different tasks, reducing the degree to which a CI factor would predict performance across domains. Therefore, one may imagine that collective intelligence emerges in a more consistent fashion in taskoriented short-term groups as they focus on a given task under time constraints, preventing existing relationships and prior assumptions about group members from affecting task-oriented interaction.
Group Collaboration across Cultures
Culture influences what social norms individuals recognize and what behaviors they believe they should or should not engage in when collaborating with others [30, 41] . Culture is a multi-dimensional construct, and a number of competing frameworks have been proposed for thinking about how cultures differ from one another [12] (see [25] for a review). Some view cultural differences in terms of core values, which are stable across individuals, situations, and time [13] [29] , whereas others take a systems perspective, seeing culture as a dynamic system shaped by sociocultural artifacts such as symbols, discursive routines, and social institutions and structures [15] . We acknowledge that both psychological processes and sociocultural practices shape culture, resulting in both commonality and variability within a national culture. While not every member of one national culture thinks and behaves alike during group collaboration, culture has been considered an undeniable factor that explains differences in understanding of groups and collaboration [12] [34] .
To understand possible sources of cross-cultural differences in collective intelligence, if any, we discuss two dimensions that have been demonstrated to be particularly relevant to computer-mediated group communication, and potentially relevant to collective intelligence: individualism vs. collectivism [13] , and high-versus low-context cultures [10] .
Individualism-collectivism is an analytical dimension that captures the relative importance people accord to personal interests and to shared pursuits. Individualism is the condition in which personal interests are accorded greater importance than are the needs of groups [13, 41] . Individualists look after themselves and tend to ignore group interests if they conflict with personal desires. Collectivism, on the other hand, occurs when the demands and interests of groups take precedence over the desires and needs of individuals. Collectivists look out for the wellbeing of the groups to which they belong, even if such actions sometimes require that personal interests be disregarded.
High-vs. low context culture is an additional distinction that often parallels individualism-collectivism [10] . A highcontext culture is one in which people are deeply involved with each other. As a result of intimate relationships among people, a structure of social hierarchy exists, individual inner feelings are kept under strong self-control, and information is widely shared through simple messages with deep meaning. A low-context culture is one in which people are highly individualized, somewhat alienated, and fragmented, and there is relatively little involvement with others. Society in general imposes less on individuals' lives, and communication between people is more explicit and impersonal.
It is conceivable that notions of collective intelligence developed based on Western samples (made up of largely individualistic and low-context cultures) would not generalize to high-context, collectivistic cultures such as those found in East Asia. We might observe less variance in general in how more collectivistic teams perform, given their commitment to the group, making the notion of a predictive measure of collective intelligence one that has less utility for teams in collectivistic societies. Or, if we employ a traditional approach of convening lab-based groups of strangers, we might find in high context cultures a difficulty for such groups to "gel" enough to exhibit a consistent level of performance across tasks. Thus the degree to which notions of collective intelligence will generalize at all to high context, collectivistic samples remains an open question.
The difficulties of extending the collective intelligence construct to high context, collectivistic cultures may be even greater when groups collaborate online. Other research has predicted and found that high-context, collectivistic cultures, such as those in East Asia, place more value than do low-context cultures on feedback and social cues that may be reduced or eliminated in some forms of computermediated communication. For example, Chinese collaborators have been shown to engage in dramatically less communication when conversations are computermediated than face-to-face, compared to American collaborators who exhibit little to no reduction in communication between the two modes [35] . By contrast, improvements to computer mediated communication, such as multi-party chat, emoticons, and audio-video chat, which enhance communicators ability to convey and respond to context, are much more broadly embraced by high-context, collectivistic cultures than low-context, individualistic cultures [14] . Taken together, this suggests we might see a much weaker or less consistent collective intelligence factor emerge in online teams from high-context, collectivistic cultures (e.g., Japan) compared to their low-context, individualistic counterparts (e.g., Germany, US).
METHODS
Test Design
Following the protocol outlined in Woolley et al. [43] , we adapted the original collective intelligence test battery into an online tool that enabled us to administer the test in a standardized way to all groups, whether working face-toface or online. All members could see the input of others in the real-time. Even in settings where all group members were collocated and could communicate freely, they worked together through the browser-based platform. Figure 1 shows a screenshot of the interface.
Expanding on the work from Woolley et al. [43] , we aimed to develop a battery of tasks that span a wide and comprehensive range of group processes. Consequently, we chose the initial set of tasks based on well-established taxonomies of group tasks as those developed by McGrath [24] and Larson [17] together with other basic types of task groups proposed by researchers in cognitive psychology and artificial intelligence [28, 33, 37] . The design of the specific tasks and task groups was strongly inspired by the set of tasks used in the original study of collective intelligence [43] . The tasks in the online battery fall into five general categories of group ability: knowledge, similar to ideas explored in transactive memory research [11] . e) Sensing: Requires groups to recognize patterns in a noisy stimulus that is calibrated to exceed the capabilities of an individual.
We aim to have little overlap between task groups with respect to the specific group ability or process they are measuring. We avoided more complex, composite tasks since for those, the intertask correlations could stem from similarities between the tasks, instead of an underlying factor driving performance across all of them. Table 1 provides a brief explanation of the tasks deployed in the different task groups.
Most of these task groups contain several similar tasks in order to create a reliable index of the category. For example, the Memory task group contains a video memory task in which the members as a group need to remember certain features of a short movie clip, an image memory task where the group has to memorize a picture or a set of pictures and a word memory task in which the objective is to reproduce a previously presented and memorized list of words. We also aim to include both verbal and nonverbal operationalizations of each task group.
We are reporting meta-analyses of data from three studies conducted over a timespan of two years. Between the times when the studies were conducted, we not only evolved the tool but also improved several of the tasks. The subsets of tasks that were used in each study differ slightly, due to this evolution, and to specific restrictions such as language, time constraints, and concerns about possible cheating.
Given differences in timing of administration and cultural setting, there were minor differences in the specific task combinations the groups had to solve and differences in the wording especially across different languages. However, this does not inhibit our ability to explore the main question of our study, which is to what degree does group context and culture affect the emergence of a collective intelligence factor? Japan and Germany are particularly interesting contrasts for our purposes as they are on opposite ends of the cultural spectrum in terms of individualism/collectivism and high/low context.
CI Battery Administration and Scoring
The group members were assigned to groups either at random or according to a pre-existing team membership (as described for each specific study below.) We provided each person with an anonymized login ID that they used to login to our testing server and join their group. Once all group members were logged in, our system started the administration of the tasks. The system continuously provided a collaborative environment for online task solving where group members were presented with the task instructions, a joint workspace and a chat interface (see Figure 1 ). The system recorded answers and interactions, and moved the group members simultaneously through the tasks according to pre-specified time allocations.
After the teams had completed the online battery, we downloaded the results and scored the tasks with the help of a semi-automated script. As mentioned above, some of the task groups contained multiple subtasks (e.g. the memory task group containing a video, an image and a word memory task). We combined these tasks by averaging the normalized subscores.
Finally, we conducted a principal component analysis to explore the factor structure of the scores in each study. The score of a group on the first factor is what constitutes the group's collective intelligence (CI) score.
Samples and Measures
The three studies took place in different settings, different cultures, and different languages; included groups with varying lengths of working relationships; and contained different modes of communication between the group members. All groups completed our online, browser-based test described above which was the basis for their CI score.
Study 1: United States
The first study contained 68 groups of 4 people that were recruited from the general population in the Boston area using online advertisements. The team members were compensated for their participation. All groups were invited to a lab setting where they completed a one-hour battery of tests as a team. Participants were randomly assigned to groups. Approximately half of the groups worked online and communicated solely through the text-based chat window provided by our online tool. The other half were allowed to communicate normally while seated around a table to work on the battery of tasks. After completing the online collective intelligence test, all teams also participated together in the Desert Survival Situation task [16] . The Desert Survival Situation task is a well-established team exercise where a group is asked to imagine a hypothetical scenario of a plane crash in a desert and to rank 15 items salvaged from the crash in order of their importance to the group's survival. The task requires an intense level of group interaction and a synergistic integration of various pieces of information, making it a suitable criterion task for collective intelligence. Other results from this study were reported by Engel et al. [8] , and further details about the study procedure are reported there.
Study 2: Germany
In the second study, we recruited 116 groups of 2-5 students from a class on innovation management that was attended by students from the fields of business studies, economics, computer science, and engineering at a German university. The groups were intact teams that worked together on an extra-credit project for which they had to invent and prototype a smartphone app in the area of social service, education or nutrition. Their participation in our study was voluntary but was incentivized by a raffle of monetary prizes among all groups that completed the test battery. The team members knew each other and had previously worked together in the same configuration for earlier group assignments in the class. The groups were furthermore allowed to self-select their mode of communication while completing the CI battery, ranging from (a) face-to-face communication, through (b) ad hoc voice and video communication of their own choosing, to (c) the text chat facility built into our testing platform. For purposes of analysis, we considered teams communicating primarily by text, voice or video chat to be "online" and those that were primarily co-located to be "face to face." To reduce potential confusions and noise due to different levels of comfort with English, we had native German speakers translate the user-interface and the tasks in the battery into German before administration.
Study 3: Japan
In the third study, we recruited 25 groups of 4 persons through a temporary staffing agency in Japan and invited them to a lab setting to participate. They were compensated for their participation in a shortened battery. The setting restricted them to only communicate through the chat interface in our system. Native speakers translated the battery and the interface into Japanese. Because of time constraints in administering the battery and concerns about the translation of some of the verbally intensive tasks, we selected and administered only a subset of five task groups in this context.
RESULTS
A general Collective Intelligence factor emerges consistently in groups performing collaborative tasks in different cultural settings
In examining the subtests of any test of general intelligence, researchers want to see a small to moderate average pairwise correlation, which indicates an underlying relationship among the tests but sufficient independence that each is capturing unique variance. The pattern of pairwise correlations among the groups of tasks in the CI battery is displayed in Table 2 . We see there an average pairwise correlation of 0.32 among the subtests of the collective intelligence battery for the US groups, of 0.23 for the Japanese groups, and of 0.37 for the German groups.
Next, we analyzed the factor structure underlying the group scores. The scree plot in Figure 2 shows the amounts of variance explained by each of the factors. Although the settings, methods of communication, and cultural norms differ substantially among the three studies, there is a striking similarity among the factor structures. Similar to classical results for individual intelligence tests, the first factor explains about 40% or more of the variance in all settings. Confirmatory factor analyses support the conclusion that a one factor model is the best fit for the data. In the U.S. Table 2 :Pairwise correlations for each task group for each study. See Table 1 A second observation that is of interest when we compare these studies is the congruence of the loadings of the different task groups on the main collective intelligence factor. Coefficients of congruence are useful for comparing the similarity of factor patterns [40] . Lorenzo-Seva and ten Berge [20] suggested "a value in the range .85-.94 corresponds to a fair similarity, while a value higher than .95 implies that the two factors or components compared can be considered equal." In the current samples, the loadings produce congruence coefficients that range from r congruence =.94 (Japan:German sample) to r congruence =.99 (German: US sample).
The Collective Intelligence factor is consistent across communication media and group contexts
In the US setting, we randomly assigned groups to two conditions [8] . In the online condition, group members were not able to see each other, and they communicated solely via the provided chat interface. In the face-to-face condition, subjects were seated around a conference table and could communicate freely by speaking to each other. By holding all other factors constant, such as test administration, subject pool, and location, this study allowed us to take a clearer look at the influence of communication on group performance. In the German setting, as noted above, groups had a history of working together and were able to self-select which mode of communication to use. Figure 3 shows the scree plot of the two datasets, comparing modes of communication.
The CI factor emerges clearly across communication media, group contexts (i.e., short-term ad hoc vs. long-term) and cultures, explaining about 40% or more of the variance in all cases. This supports the generality of the metric for studying groups across various modes of communication, group contexts, and cultural settings. 
Collective Intelligence is correlated with performance on complex tasks
In two of our samples, groups worked on other projects or complex tasks as a criterion task, in addition to completing the collective intelligence battery. Their performance on these tasks was moderately correlated with their collective intelligence scores.
In the U.S. lab-based study, both the online and face-to-face teams participated together in the Desert Survival Situation at a later time in the same lab session. Groups completed the task using the same mode of communication that was used to complete the collective intelligence battery.
Analyses of group performance scores on the Desert Survival Situation demonstrated that groups' CI scores were a strong positive predictor of performance on the task (b = .24, p = .058), controlling for communication media.
In the German student teams, the project descriptions and prototypes were rated by 47 other students along the following dimensions: Novelty, Added Value, Innovativeness, Creativity, Interestingness, Business Relevance and New Thinking. There was a significant positive correlation between the average scores received by student raters and the team's CI scores: r = .25 (p = .008). While smaller than the relationship between CI and performance observed in lab-based studies, it is comparable in size to other relationships between standardized tests and performance in longer-term, multi-faceted situations, such as between SAT scores and individual college grade point average (GPA): r = .23 (p < .01) [27] . It is also substantially higher than the average correlation of individual intelligence and group performance found in meta-analyses of field studies: r = .14, (p > .05) [7] . Though we did not have the data to evaluate it here, prior studies have documented a weak relationship between aggregate individual intelligence and collective intelligence, suggesting the former is not a proxy for the latter [43] . Taken together, the results support the criterion validity of our battery as a measure of collective intelligence, which accounts for reasonable variance in team performance both within and outside laboratory.
It is also noteworthy that CI, as measured using the battery of various tasks, is also a much stronger predictor of student team performance than any of the single tasks in the CI battery alone (average r = .12) except for the most highly correlated task (r = .27). Had we attempted to gauge team performance capability with the use of a single task, as is common in most lab studies, we would have likely done poorly, since all but one of the tasks correlated less with the project score than did the composite CI measure, and it is not possible to know in advance which task will correlate most highly. This demonstrates the advantage of the composite CI score over traditional ways of measuring group performance by using a single task only. Our measure of collective intelligence is more robust against noise than are single tasks, in part because it more reliably measures the underlying factor that drives group performance.
SUMMARY & CONCLUSION
We have presented a meta-analysis of three studies investigating the emergence of a general collective intelligence factor in groups working together on a wide array of tasks in our online testing environment. The studies were conducted in three different cultural settings (US, Germany and Japan), in three different languages, using slightly different subsets of tasks and different modes of communication. However, the factor structure that emerges is highly congruent across all three studies. These results suggest some underlying similarities in the basic interaction patterns supporting human group performance, despite differences in communication modes, group contexts, and cultural settings.
While we have shown that the concept of CI is general, questions remain as to whether CI emerges in similar ways across various modes of communication, group contexts, and cultural settings. For example, Woolley et al. [43] , in their lab studies with US ad hoc groups interacting face to face, found that CI was positively correlated with group members' average social sensitivity and equal distribution of conversational turn-taking. Engel et al. [8] validated the role of these factors in CI for groups working online. An important question that future research should pursue is whether these factors are as important for groups with ongoing working relationships and for groups in other cultures. For example, groups with ongoing working relationships may have already established a system of who knows what and who does what, in which case distribution of turn-taking is likely to be a manifestation of variance in roles and expertise domains. Thus, in some cases, unequal distribution may demonstrate greater specialization and efficient coordination in long-term groups, which can affect collective intelligence.
In cultures where power distance is considered more natural such as East Asian countries, distribution of participation may not vary as much as in their western counterparts, thereby having limited role in affecting CI. National cultures characterized as high-context cultures may also have higher social sensitivity than low-context cultures on average; thus, the role of social sensitivity in CI may be limited by a ceiling effect. While the current study did not allow us to explore these possibilities, future research can tease out the effects of group contexts and cultural settings on the process of CI emergence.
In addition, we did not have access to individual intelligence scores or grades for the individual participants in these studies, and were not able to determine the correlation between them or the relative contributions of individual intelligence versus collective intelligence to group performance. Earlier work on the topic demonstrated a relatively weak correlation between the two [43] . However, the utility of the concept of collective intelligence does not rely upon its distinctiveness from individual intelligence, so much as its ability to capture underlying patterns of behavior in the group driving performance across different domains. These patterns can be influenced by a range of individual differences, including general intelligence and social ability, as well as a host of grouplevel norms, routines, and even collaboration technologies, the latter being of greatest interest to us here.
In closing, we believe that our results have important implications for designers of collaboration technologies. In particular, they support the idea that researchers can use collective intelligence tests to measure the effects of various kinds of general-purpose group collaboration tools, such as email systems, web conferencing software, and social media, on group performance. The CI battery provides a carefully chosen set of tasks to use for testing the effects of such tools on group performance.
For instance, a researcher with two versions of a web conferencing system could have groups take our collective intelligence test after randomly assigning the groups to use either version A or version B while doing the test. If the groups using version A perform better, then the researcher has a statistical basis for predicting that groups using version A would perform better on a wide range of other tasks, too. This, therefore, provides an economy of effort in testing tools to facilitate online collaboration in a wide variety of settings.
